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ABSTRACT 
The primary objective of SynapAI: AI-Powered 

Detection precise for Brain Tumors is to develop an 

advanced system for identifying brain tumors from MRI 

scans using a hybrid deep learning model integrating 

Convolutional Neural Networks (CNNs), Vision 

Transformers (ViT), and Capsule Networks (CapsNet). 

This system aims to assist medical professionals by 

providing an automated, accurate, and efficient diagnostic 

tool, enhancing precision while reducing manual effort. 

With brain tumors posing a significant health challenge, 

early detection is critical. SynapAI combines CNNs for 

local feature extraction, ViT for global context analysis, 

and CapsNet for preserving spatial hierarchies, achieving 

over 90% accuracy. Integrated with a Flask-based web 

interface using HTML and Tailwind CSS, the system 

processes uploaded MRI scans, applies preprocessing, 

and delivers real-time tumor classification. Historical 

MRI datasets ensure robust training and validation, 

positioning SynapAI as a valuable contribution to medical 

imaging technology. 
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INTRODUCTION 

Overview 
Artificial intelligence (AI) is revolutionizing healthcare, 

particularly in diagnosing complex conditions like brain 

tumors. Traditional MRI analysis by radiologists is labor-

intensive and susceptible to errors, often delaying 

treatment. SynapAI addresses this by automating brain 

tumor detection with a hybrid model combining CNNs, 

ViT, and CapsNet. This approach leverages CNNs’ local 

feature extraction, ViT’s global context understanding, 

and CapsNet’s spatial hierarchy preservation, overcoming 

limitations of individual models. Targeting an accuracy 

above 90%, SynapAI offers real-time results via a user-

friendly web platform, aiming to enhance diagnostic 

efficiency and patient outcomes. 

Key Steps: 

 Data Collection: Labeled MRI scans 

tumorvs.non−tumortumor vs. non-tumor. 

 Preprocessing: Normalization, resizing, and 

augmentation. 

 Model Development: Hybrid CNN-ViT-

CapsNet architecture. 

 Web Integration: Flask-based application with 

HTML interface. 

 Evaluation: Accuracy, sensitivity, and 

specificity metrics. 
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What is Deep Learning? 

Deep learning, a subset of machine learning, uses multi-

layered neural networks to learn hierarchical features 

from raw data. It excels in processing unstructured data 

like images, making it ideal for medical imaging. 

- CNNs: Extract spatial features using convolutional and 

pooling layers. 

- ViT: Processes image patches via transformer encoders 

for global dependencies. 

- CapsNet: Uses capsules to encode spatial relationships 

and hierarchies. 

SynapAI predicts tumor presence (binary classification) 

using MRI pixel data as independent variables. 

Key Assumptions 

- Dataset represents real-world MRI variability. 

- Features correlate with tumor presence. 

- Model generalizes across diverse datasets. 

Project Significance 

SynapAI bridges AI and healthcare, improving diagnostic 

accuracy, reducing radiologist workload, and enhancing 

patient care through early detection. 

LITERATURE REVIEW 

Overview of Brain Tumor Detection 
Brain tumor detection has progressed from manual 

assessments to AI-driven methods. CNNs dominate 

tumor segmentation, while ViT and CapsNet address their 

limitations, such as local focus and spatial information 

loss. 

Previous Studies 

- CNNs: Pereira et al. (2016) achieved 87-92% accuracy 

on BraTS datasets. 

- ViT: Dosovitskiy et al. (2020) reported 85% accuracy 

on ImageNet; Chen et al. (2021) adapted ViT for MRI, 

reaching 89%. 

- CapsNet: Sabour et al. (2017) showed CapsNet’s 

strength in spatial relationships, with 88% accuracy in 

medical               imaging (Hinton et al., 2018). 

- Hybrid Models: Wang et al. (2022) reported 91% 

accuracy with CNN-transformer hybrids, but CapsNet 

integration remains rare, making SynapAI novel. 

 

Performance Metrics 
Metrics include accuracy, precision, recall, F1-score, and 

AUC, balancing false positives and negatives. 

Challenges and Limitations 
Challenges include data quality variations, overfitting 

risks with small datasets, and interpretability concerns 

affecting clinical adoption. 

Future Directions 
Multimodal data integration and interpretability 

enhancements are key areas for advancement. 

 

                PROPOSED METHODS 
The proposed method utilizes a hybrid model that 

integrates Vision Transformers (ViT) and Capsule 

Networks (CapsNet) to enhance brain tumor detection.  

Overview of the Hybrid Model: The rationale for using 

a hybrid approach lies in the complementary strengths of 

ViT and CapsNet. While ViT is adept at capturing global 

context and relationships within images, CapsNet excels 

in preserving spatial hierarchies, which is crucial for 

accurately classifying complex medical images. 

Vision Transformer (ViT): The architecture of ViT 

processes images by dividing them into patches and 

applying self-attention mechanisms to learn relationships 

between these patches. This allows the model to focus on 

relevant features across the entire image, improving 

feature extraction capabilities. 

Capsule Network (CapsNet): CapsNet consists of 

capsules that group neurons to detect specific features and 

their spatial relationships. This architecture helps in 

recognizing patterns and variations in the input data, 

making it particularly effective for medical image 

classification. 

Integration of ViT and CapsNet: In the proposed 

method, the output from the ViT serves as input to the 

CapsNet. This integration allows the model to leverage 

the strengths of both architectures, enhancing the overall 

classification performance. 

Expected Outcomes: By combining ViT and CapsNet, 

the proposed method aims to achieve higher accuracy and 

robustness in brain tumor detection compared to 

traditional methods. The hybrid model is expected to 

generalize better across different datasets and variations 

in MRI images. 

METHODOLOGIES 
The proposed methodology involves several key steps: 

Dataset Description 
  Dataset: "Brain MRI Images for Brain Tumor 

Detection" from Kaggle. 

  Tumor Images: 155 

  Non-Tumor Images: 98 

  Total: 253 

Dataset Statistics 
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Category           Count 

Tumor Images       155   

Non-Tumor Images   98 

Total   253   

 

Data Preprocessing 
  Resizing: Images were resized to 256x256 pixels. 

  Normalization: Pixel values were scaled to the range [0, 

1]. 

 Augmentation: Techniques such as rotation, flipping, 

zooming, and brightness adjustments were applied to 

enhance the dataset. 

Model Training and Validation: 
  Epochs: The model was trained for 50 epochs with a 

batch size of 32. 

  Optimizer: Adam optimizer was used with a learning 

rate of 0.001. 

Validation: 5-fold cross-validation was employed to 

ensure robust evaluation of the model's performance. 

RESULTS AND DISCUSSION 
The SynapAI: AI-Powered Precision Detection for 

Brain Tumors system enhances diagnostic accuracy by 

deploying a hybrid model integrating Convolutional 

Neural Networks (CNNs), Vision Transformers (ViT), 

and Capsule Networks (CapsNet). Unlike traditional 

manual MRI analysis, SynapAI leverages these advanced 

deep learning techniques to process and classify MRI 

scans, offering a robust alternative for tumor detection. 

The model’s architecture synergistically combines CNNs 

for local feature extraction, ViT for global context 

analysis, and CapsNet for preserving spatial hierarchies, 

resulting in improved prediction accuracy. Trained on a 

dataset from Kaggle comprising 253 MRI images—155 

tumor-positive and 98 tumor-negative—the system 

effectively distinguishes between tumor and non-tumor 

cases despite the dataset’s modest size and class 

imbalance. Data augmentation techniques, such as 

rotation and flipping, along with transfer learning, were 

employed to enhance the model’s performance on this 

limited dataset, providing reliable diagnostic support to 

medical professionals. 

SynapAI features a user-friendly web interface developed 

with Flask and HTML/Tailwind CSS, enabling healthcare 

professionals to upload MRI scans effortlessly and 

receive instant classification results. Upon upload, the 

system preprocesses the image—resizing it to 256x256 

pixels and normalizing pixel values—and the hybrid 

model delivers a tumor/no-tumor prediction with a 

confidence score, streamlining the diagnostic workflow 

and reducing turnaround time compared to conventional 

methods. 

To safeguard data security and privacy, SynapAI 

incorporates encrypted storage and stringent access 

controls. Uploaded MRI scans are anonymized and 

processed securely on a cloud-based server, ensuring 

compliance with healthcare data protection standards and 

preventing unauthorized access or misuse. 

Designed for scalability, SynapAI adapts to increasing 

user demands without sacrificing performance. By 

leveraging cloud-based processing and optimized API 

requests, the system delivers real-time predictions, 

achieving an inference time of approximately 4.5 seconds 

per scan, even under moderate network loads. The hybrid 

model is structured to continuously learn from new data, 

allowing it to refine its predictive capabilities over time as 

additional MRI scans are incorporated, further enhancing 

its diagnostic reliability. 

With its innovative combination of a CNN-ViT-CapsNet 

hybrid model and an intuitive web interface, SynapAI 

marks a significant advancement in medical imaging 

technology. Evaluated on the Kaggle dataset, it achieves 

a commendable balance of accuracy and efficiency, 

offering a comprehensive solution for brain tumor 

diagnosis that supports radiologists and improves patient 

outcomes. 

FUTURE SCOPE 
The SynapAI: AI-Powered Precision Detection for 

Brain Tumors system transcends traditional diagnostic 

tools by harnessing advanced AI-driven capabilities to 

boost diagnostic accuracy and efficiency. Leveraging a 

hybrid model that integrates Convolutional Neural 

Networks (CNNs), Vision Transformers (ViT), and 

Capsule Networks (CapsNet), and initially trained on a 

Kaggle dataset of 253 MRI images (155 tumor-positive, 

98 tumor-negative), SynapAI lays the groundwork for 

significant advancements in healthcare delivery and 

patient outcomes. 

One key future application is in early tumor detection. By 

processing MRI scans, SynapAI can identify brain tumors 

at their earliest stages, enabling timely interventions that 

enhance treatment efficacy. As the system incorporates 

additional MRI data beyond its initial dataset, it will 

continuously refine its predictive accuracy through 

ongoing learning, ensuring healthcare professionals 

receive increasingly reliable diagnostic insights. 
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Another promising aspect is its capacity for real-time 

feedback. Unlike conventional diagnostic approaches that 

require extended analysis periods, SynapAI delivers 

instant predictions—currently at approximately 4.5 

seconds per scan—through its Flask-based web interface. 

This rapid turnaround empowers clinicians to make swift, 

informed decisions, a critical advantage in urgent medical 

scenarios. 

The system’s scalability makes it adaptable for 

deployment across varied healthcare environments, from 

well-equipped hospitals to underserved remote clinics. Its 

cloud-based infrastructure can handle a growing number 

of simultaneous users, offering a flexible solution for 

radiologists worldwide. Future optimizations could 

further reduce latency, enhancing its suitability for high-

traffic settings. 

Privacy and regulatory compliance remain central to 

SynapAI’s evolution. The platform employs encrypted 

data handling and secure storage, anonymizing MRI scans 

to safeguard patient privacy. By adhering to healthcare 

data protection laws, SynapAI ensures ethical AI usage, 

maintaining trust and security as it scales. Future 

iterations could strengthen these measures to meet 

emerging regulatory standards. 

In summary, SynapAI is poised to deliver a 

comprehensive, data-driven approach to brain tumor 

diagnosis, merging cutting-edge deep learning with an 

intuitive interface. Potential enhancements include 

integrating multimodal inputs (e.g., combining MRI with 

clinical data), enhancing model interpretability through 

visualization tools, and optimizing for real-time 

performance on resource-constrained devices. This 

system represents a transformative step in medical 

imaging technology, promising to improve diagnostic 

precision and elevate healthcare efficiency. 

CONCLUSION 

In conclusion, this study demonstrates the effectiveness 

of a hybrid model that integrates Vision Transformers and 

Capsule Networks for brain tumor detection. The 

proposed method not only improves classification 

accuracy but also enhances the model's robustness against 

variations in MRI images. The results indicate that the 

hybrid approach outperforms traditional methods, 

providing a more reliable diagnostic tool for medical 

imaging. Future work may focus on expanding the 

dataset, refining the model architecture, and exploring 

additional augmentation techniques to further enhance 

performance. 
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